This study uses a high-frequency discharge and nitrate concentration dataset from the Weida catchment in Germany for the catchment scale hydrologic response analysis. Nitrate transport in the catchment is mostly conservative as indicated by the nitrate stable isotope 
INTRODUCTION
Previous studies on temporal and spatial patterns of nutrient fluxes from catchments indicate that hydrological connectivity by subsurface flow is a key driver of nitrate mobilization and transport processes (Stieglitz et 
DATA AND ANALYSIS
Nitrate data and discharge-nitrate concentration Such patterns in discharge-nitrate concentration were also observed in the similarly sized meso-scale catchments (e.g., that during critical times of the year (i.e., high discharge, high NO 3 -N concentrations) the export of NO 3 -N from agricultural streams was not affected by biotic uptake and denitrification. Therefore, based on the results of such previous studies, the biotic uptake of nitrate can be reasonably assumed to be limited for the three high flow periods analyzed in this study.
Nitrate stable isotope sampling and analysis
In addition to continuous discharge and nitrate-N data, inputs. These inputs provide information on the rising and falling pattern datasets and could guide the SOFM training to distinguish such changes. Therefore, the SOFM cluster QN cluster can be expressed as a function of these four input variables:
Since the four input datasets are of different ranges, it is important to normalize the input datasets so that the dataset with a higher variability does not dominate SOFM training. For this reason, all four input vectors were normalized to zero mean and one standard deviation.
Additionally, discharge and nitrate-N concentration data were weighted by 2 (by trials), so that minor changes in dQ/dt and dN/dt do not affect the cluster identification process.
After the definition of input vectors, an appropriate architecture of the SOFM needs to be designed. Since a large network may lead to overfitting (Alvarez-Guerra et al. ), SOFM training should be started with a small number of neurons and gradually increased to achieve satisfactory output. In the present application, the SOFM training was started with 3 × 2 neurons, and SOFM architecture with a 4 × 3 neurons was found to be adequate to capture the rise and fall of discharge and nitrate-N concentration at different data ranges. Initially, the SOFM trained calculation is given below:
where Q sub (t) is subsurface flow at time step t and clust is a cluster class.
Similarly, cluster agreements for each time step and for all clusters were calculated. The objective function (obj 1 ) for the multi-objective calibration of WaSiM-ETH was formulated as a weighted sum of cluster agreements (clust_agree):
The second objective function, the Nash-Sutcliffe coefficient of efficiency (NSCE) was employed to evaluate the 'goodness of fit' of total runoff simulation:
where n is number of observations, Q j,obs and Q j,sim are observed and simulated discharges at time step j, and 
and decrease in nitrate-N concentration: {Q(t þ 1) > Q(t), N(t þ 1) < N(t)}; (4) decrease in discharge and increase in nitrate-N concentration: and (5) decrease in discharge and nitrate-N concentration: ) were used as a basis for characterization, which are described below. Based on such observations, the cluster is conceptualized as the baseflow region. Table 2 .
Since the cluster results are related to the different flow components, they affect the parameters controlling each component of the hydrograph. In general, since the model is calibrated with interflow (SH max > 0), cluster 1 mainly affects the baseflow, which is controlled by m and T cor parameters. Clusters 2 and 5 are related to the dynamic subsurface flow (interflow) region, which is mainly controlled by the SH max , k H , P thres , r k , and K cor parameters.
Clusters 3 and 4 are related to surface runoff, which is mainly controlled by k D and c melt . In addition to the horizontal flow components, these parameters also control the vertical movement of water (e.g., percolation and capillary rise). Therefore, the runoff components and the controlling parameters are highly interdependent, and it is not possible to tease out the effects of the individual clusters on the calibrated parameters. Although the external inflow complicated the flow separation in this particular case, the hydrological flow ter results as soft data) would be a better utilization of highfrequency nitrate data. In principle, the methodology in this study (hydrological model calibration using nitrate-N concentration as soft data) is independent of temporal resolution and could be adapted to a sub-daily time step.
CONCLUSIONS
The study presented a methodology for employing highfrequency discharge-nitrate concentration data for characterizing qualitative flowpaths in a catchment and using the qualitative flowpaths for hydrological model calibration.
The nitrate concentration-discharge data are characterized by 'concentration' and 'dilution' patterns with nitrate-N concentration peaks lagging the discharge peaks followed by rapid decline in the concentration as the streamflow hydro- this study is the unavailability of the sub-daily meteorological inputs, which restricted calibrating the hydrological model, and considering flow components to a daily resolution. In principle, the introduced methodology is independent of temporal resolution and can be employed (with qualitative flow components as soft data) for the calibration of a hydrological model at a sub-daily time step.
